The anisotropic coefficients of Hill's yield criterion are determined through a novel genetic algorithms-based multi-objective optimization approach. The classical method of determining anisotropic coefficients is sensitive to the effective plastic strain. In the present procedure, that limitation is overcome using a genetically evolved meta-model of the entire stress strain curve, obtained from uniaxial tension tests conducted in the rolling direction and transverse directions, and biaxial tension. Then, an effective strain that causes the least error in terms of two theoretically derived objective functions is chosen. The anisotropic constants evolved through genetic algorithms correlate very well with the classical results. This approach is expected to be successful for more complex constitutive equations as well.
The anisotropic coefficients of Hill's yield criterion are determined through a novel genetic algorithms-based multi-objective optimization approach. The classical method of determining anisotropic coefficients is sensitive to the effective plastic strain. In the present procedure, that limitation is overcome using a genetically evolved meta-model of the entire stress strain curve, obtained from uniaxial tension tests conducted in the rolling direction and transverse directions, and biaxial tension. Then, an effective strain that causes the least error in terms of two theoretically derived objective functions is chosen. The anisotropic constants evolved through genetic algorithms correlate very well with the classical results. This approach is expected to be successful for more complex constitutive equations as well. Proposed in 1948, Hill's yield criterion (Hill48) [1] is still quite widely used to describe anisotropic mechanical behavior of metals. Its simple expression is also convenient for the development of new approaches such as that presented below. The plane stress form of Hill48 criterion in principal stress coordinates is given as
where " r is the effective stress, r 11 and r 22 are the principal stress components in plane stress state, and F, G, and H are anisotropy coefficients.
The three coefficients used in Hill48 remain extremely valuable toward predicting the mechanical properties and can be determined from three experimental data points in the yield locus. The commonly used experimental data set includes yield strength in uniaxial tension along the rolling (r 0 ) and transverse (r 90 ) directions, and balanced biaxial tension (r b ).
The precise calculation of F, G, and H, however, remains cumbersome if it is assumed that they vary with specific plastic work. In recent years, inverse methods of optimizing an error function are increasingly being adopted for identifying the yield coefficients. [2, 3] The gradient-based methods used to determine the optimum error functions are usually sensitive to initial guess. Evolutionary algorithms can be used instead to overcome such difficulties. [4, 5] So far, the application of the evolutionary algorithms to determine the yield coefficients has been limited only to single-objective cost function. [4, 5] However, the enormous growth of the multi-objective evolutionary algorithms in very recent years [6] now takes us to a situation where some more sophistication can be brought into such work. To demonstrate that in this study, we bring in a novel approach where a Genetic Algorithm (GA) [7] [8] [9] [10] -based data-driven multi-objective optimization [6] scheme leads to accurate and efficient evaluation of Hill48 yield coefficients. The basic strategy is briefly summarized below.
For plane stress condition, stress transformation of [1] 
Customarily, the stress-strain curve along the rolling direction is used as the effective stress-strain curve.
The yielding condition requires simultaneous satisfaction of constant plastic work, [11] 
To solve Eq. [3] subjected to [4] , we begin with the experimental data of a typical low-carbon steel whose mechanical response is expressed through Swift hardening law [11] ( r ¼ Kðe S þ e p Þ n , where K denotes strength coefficient, e S a pre-strain constant, n is the strain hardening exponent, and e p is the plastic strain components) and modeled using an emerging Multi-objective Genetic Algorithms [6, 12] -based approach, namely Evolutionary Neural Network (EvoNN), detailed elsewhere. [13, 14] Next, we defined two objective functions shown below, which are essentially the normalized error terms of Eq. [3] and sought simultaneous minimization of both. This leads to a Pareto-optimum problem [15] where the optimum is actually a set of anisotropic coefficients rather than one unique value. All the members of the optimum Pareto set satisfy the bi-objective optimality condition, which we seek to compute through a predator-prey genetic algorithm. [16] The experimental data of low-carbon steel along rolling and transverse directions were obtained at a strain rate of 10 À3 s À1 using a Zwick Z100 universal tensile testing machine. The tensile specimens were prepared as per ASTM-E8 standard. The biaxial stress strain curve was obtained by balanced biaxial testing using a Erichsen hydraulic bulge tester (Bulge/FLC tester model 161), following the procedure described elsewhere. [17] The experimental data and their corresponding fit using Swift hardening law are shown in Figure 1 .
Initially, the experimental tension data along the rolling and transverse directions (Figure 1) , and biaxial data, were converted to equivalent stress-strain curve satisfying the constancy in plastic work condition. The Swift hardening equation is integrated directly to obtain the plastic work. The anisotropy coefficients, F, G, and H when computed directly using Eq. [3] are, quite expectedly, not unique (Figure 2 ), but vary with plastic work. It indicates the importance of obtaining an optimal set of constants to represent the anisotropic mechanical behavior of the material, which in the present work is achieved through multi-objective optimization. The effective plastic strain in Figure 2 is same as that along the rolling direction.
The steps involved in the optimization procedure are (i) identification of design variables that influence the objectives, (ii) data sampling, (iii) correlating the objective functions with design variables by constructing Genetic Algorithms-based meta-models, and (iv) optimization of the objective functions to evolve the Pareto front, [15] which indicates the optimum tradeoffs between the objectives.
The design variables are effective plastic strain, plastic work, and the anisotropic coefficients F and G. Among the three Hill's coefficients, only two are independent in this case, and from [3] , H can be obtained as H = 1 À G. Relaxing this condition would involve additional objectives and constraints. That was avoided in this exploratory work, where a new multiobjective evolutionary approach had been tested for the first time for its feasibility. A random population of the input design variables within the limits in accord with Figure 1 was generated for sampling. The effective plastic strain was varied between lower and upper limits of 0.005 to 0.4, respectively. The corresponding values of plastic work, r 0 , r 90 , and r b , are calculated using Swift's hardening law. From Figure 1 , it is noted that F and G vary approximately between 0.35 and 0.45. For the data sampling, F and G are randomly generated between 0.1 and 0.7. The objectives for each data set in the sample space are calculated using [5] . The objectives, as indicated before, are the error associated with r 90 and r b . The closer the values of F, G, and H are to the theoretical estimate, the lesser is the error and vice versa.
The next step is to identify a suitable meta-model relating the input design variables with the objectives. The meta-models were constructed as a bi-objective optimization problem with the error and complexity of the models as the criteria, and the idea is to minimize them simultaneously. This was solved using a predatorprey genetic algorithm described elsewhere, [16] which is implemented in the EvoNN algorithm. [14] The optimum Pareto front presented a family of optimally evolved neural nets, out of which a suitable one is identified using corrected Akaike criterion detailed elsewhere. [18] Thus, both the objectives in [5] were represented through their optimized meta-models computed through the EvoNN code. Various user-defined parameters in the algorithm were adjusted through a systematic trial and error. The prediction by the optimal meta-models is found to be quite accurate for both the objectives, as shown in Figure 3 for the first objective in [5] as a typical case.
The meta-models representing the error in r 90 and r b are then minimized using the predator-prey genetic algorithm. [13, 16, 18] A Pareto front captured the final optimum solution set as shown in Figure 4 . Customarily, the Pareto fronts are plotted in the objective space, as done in Figure 4 . However, the corresponding decision Figure 4) does not require fixing any offset level in the stress-strain curve. Rather, each point in the optimum front points to its own value of plastic work, thus leading to its unique offset value. Selecting a particular offset from the numerous alternates remains the decision maker's prerogative. It is to be noted that a sharp knee region is evolved in the Pareto front (as specially marked in Figure 4 ). The knee in Pareto front indicates that the objectives would vary sharply if one tends to move away from it. Here, the anisotropic coefficients corresponding to the knee are chosen as the representative solution, since it provided very low error values in terms of both the objectives, which is not possible to obtain elsewhere in the front.
The knee point suggests that the error in calculating the anisotropy coefficients is least at the effective plastic strain of 0.005. The anisotropy coefficients predicted at the knee point described above are tabulated and compared with the theoretically predicted values at the corresponding effective plastic strain in Table I , indicating a good agreement. The yield loci based on the anisotropy coefficients predicted using GA and that calculated theoretically, using three yield stresses, are compared in Figure 5 showing the excellent similarity between both yield loci. The experimental data of uniaxial and biaxial stress states at the corresponding effective plastic strain of 0.005 are superposed in Figure 5 . As expected, the yield locus correlates very well with the experimental values. This confirms that the new methodology of identifying anisotropy coefficients using multi-objective optimization is both reliable and accurate. In addition to that, the present methodology also eliminates the ambiguity associated with the choice of effective plastic strain to calculate the anisotropy coefficients that often cripples the classical methods.
Based on the above work, following conclusions can be arrived at
• The capability of a non-traditional and new methodology using Genetic Algorithm-based multi-objective optimization approach to identify the anisotropy coefficients of Hill48 yield criterion is demonstrated successfully.
• Unlike the traditional methods, based on the yield stress only, the entire stress strain curve is considered and the anisotropy coefficients are calculated at the plastic work where the errors due to the coefficients are least.
• The method demonstrated here does not require any presumptions regarding the plastic work. Any ad hoc assumptions like 0.2 pct offset method in uniaxial tensile test are not necessary to make it work, rather it looks for the specific plastic work, at which the yield criterion is satisfied best.
• It avoids experimental noise by replacing the original stress-strain curves by meta-models, and thus leads to more reliable predictions. • The proposed methodology serves as a viable alternate to the traditional methods.
• Multi-objective Genetic Algorithms are now being increasingly used to study mechanical behavior of metals [19] , and the current strategy of an accurate and reliable yield criteria calculation will bring in a significant value addition to this approach. Generalization of these approaches to incorporate more complex yield criteria [20, 21] will constitute future research.
